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Abstract

Histograms are commonly usedin content-based image retrieval systemsto repre-
sert the distributions of colorsin images. It is acommonunderstandingthat histograms
that adapt to imagescan represen their color distributions more exciently than do
histograms with "xed binnings. However, existing systemsalmost exclusively adopt
“xed-binning histograms because,among existing well-known dissimilarity measures,
only the computationally expensive Earth Mover's Distance (EMD) can compare his-
tograms with di®erert binnings. This article addressesthe issue by de ning a new
dissimilarity measurethat is more reliable than the Euclidean distance and yet com-
putationally lessexpensivethan EMD. Moreover, a mathematically soundde nition of
mean histogram can be de ned for histogram clustering applications. Extensive test
results show that adaptive histograms produce the best overall performance,in terms
of good accuracy small number of bins, no empty bin, and excient computation, com-

pared to existing methods for histogram retrieval, classi cation, and clustering tasks.

Keywords: Color histograms,adaptive binning, histogram-baseddissimilarity measures,

imageretrieval, imageclassi cation, image clustering.



1 Intro duction

In content-based image retrieval systems, histograms are often usedto represemn the dis-
tributions of colorsin images. There are two general methods of generating histograms:
“xed binning and adaptive binning. Typically, a xed-binning method induces histogram
bins by partitioning the color spaceinto rectangular bins [8, 9, 21, 25, 32, 35, 3§. Once
the bins are derived, they are xed and the samebinning schemeis applied to all images.
On the other hand, adaptive binning adapts to the actual distributions of colorsin images
[3, 11, 22, 27, 31]. As aresult, di®erert binnings are induced for di®erer images.

It isacommonunderstandingthat adaptively-binnedhistogramscanrepresen the distri-
butions of colorsin imagesmore exciently than do histogramswith “xed binning [11, 27, 31].
Howeer, existing systemsalmost exclusively adopt xed-binning histogramsbecauseamong
existing well-known dissimilarity measures,only the Earth Mover's Distance (EMD) can
compare histograms with di®eren binnings [27, 31]. But, EMD is computationally more
expensiwe than other dissimilarity measuresecauset requiresan optimization process.

Another major concernis that xed-binning histograms have beenregardedas vectors
in a linear vector space,with ead bin represeting a dimension of the space. This conve-
nient vector interpretation makesit possibleto apply various well-known algorithms, sud
as clustering, Principle Componert Analysis, and Singular Value Decomposition to process
and analyzehistograms[10, 26, 34]. Unfortunately, this approad is not satisfactory because
the algorithms are applied in a linear vector space,which assumeghe Euclidean distance
asthe measureof vector di®erence.And Euclidean distance has beenfound to be lessreli-

able than other measuredor computing histogram dissimilarity [5, 27, 33]. As a result, the



e®ectienessand reliability of the approad is compromised.

Adaptiv e histogramscannot be corveniertly mapped into a linear vector spacebecause
di®eren histogramsmay have di®eren bins. Although Multidimensional Scaling(MDS) [4]
can be usedto recover the Euclidean coordinates of the histogramsfrom pairwise distances
betweenthem, it is computationally expensive to apply MDS on a large number of (say,
more than 100) histograms. Moreover, MDS incurs an error in recovering the coordinates,
further compromisingthe e®ectivnessof adaptive histogramsin practical applications.

To addressthe above issuesthis article proposesa newdissimilarity measurefor adaptive
color histograms(Section 5) that is more reliable than the Euclidean distanceand yet com-
putationally lessexpensiwe than the Earth Mover's distance. Moreover, a mathematically
soundde nition of meanhistogram canbe de ned for histogram clustering applications. Ex-
tensive test results (Section 6) shav that the useof adaptive histogramsproducesthe best
overall performance,in terms of good accuracy small number of bins, no empty bin, and
excient computation, comparedto existing methods in histogram retrieval, classi cation,

and clustering tasks.

2 Related Work

There aretwo typesof xed binning schemes:regular partitioning and color space clustering
The rst method simply partitions the axesof a target color spaceinto regularintervals, thus
producing rectangular bins. Typically, one of the three color axesis regardedas conveying
more important information and is partitioned into more intervals than are the other two

axes. For example, VisualSeek[35] partitions the HSV spaceinto 18£ 3£ 3 color bins and



4 grey bins, producing 166 bins. PicHunter [9] also partitions the HSV spacein a similar
manner. The CIELUV spacehas also beenused[21, 32] becauseit is more perceptually
uniform than RGB space[2]. In partitioning these spaces,bins that correspnd to illegal
RGB colorsare usually discarded.

The secondmethod partitions a color spaceinto a large number of cells, which are then
clusteredby a clustering algorithm sud asthe k-means.For example,QBIC [13 partitions
the RGB spaceinto 16£ 16£ 16 cells,mapsthe cellsto a modi ed Munsell HVC space,and
then clusteredthe cellsinto k clusters. Vailaya et al. [38 apply a similar method but map
the RGB cellsinto the HSV space,where 64 bins are produced. Quicklook [8] maps sSRGB
[1] cellsinto CIELAB and clustersthem into 64 bins.

Adaptive binning is similar to color spaceclustering in that k-meansclustering or its
variant is usedto inducethe bins. Howewer, the clustering algorithm is applied to the colors
in an image instead of the colorsin an ertire color space[3, 11, 22, 27, 31]. Therefore,
adaptive binning producesdi®eren bins for di®eren images.

Di®eren binning schemesrequire di®eren color quartization methods. For regular par-
titioning, a color is quartized to the certroid of the rectangular bin cortaining the color,
producing a rectangular tessellationof the color space.On the other hand, with color space
clustering and adaptive clustering, a color is quartized to the certroid of its nearestclus-
ter, thus producing a Voronoi tessellationof the color space. We shall call the histograms
producedby the three methods regular, clustered, and adaptive histograms

Among commonlyuseddissimilarity measuresEarth Mover's Distance(EMD) is the only
onethat can comparehistogramswith di®eren binnings [27, 31]. Puzicha et al. performed
a systematic ewvaluation of the performanceof various dissimilarity measuresin classi ca-
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tion, segmetation, and retrieval tasks [27]. They concludedthat dissimilarities such as A?,
Kullback-Leibler divergence,and Je®reysdivergenceperformedbetter than other measures
for large samplesize(i.e., number of pixels sampledin an image), while EMD, Kolmogorov-
Smirnov, and Cramer/von Misesperformedbetter for small samplesize. In an earlier paper,
they preserned another similar study for the tasks of texture segmertation and retrieval [2§].
Manjunath and Ma also performeda bendmark study for texture retrieval [19].

The study of Sele et al. [33] shows that the Euclideandistanceis justi ed from a maxi-
mum likelihood perspective whenthe additive noisedistribution is Gaussian.Howeer, their
experimerts on imageretrieval, stereomatching, and motion tracking suggesthat real noise
distributions are better modeledby the Caudy distribution than Gaussianand Exponertial.
Consequetly, the Caudy metric achievesgreateraccuracythan the Euclideandistance,sum

of absolutedi®erenceand Kullback relative information.

Brunelli and Mich [5] proposedthe conceptof histogram capacity to quanify the e®ec
tivenessf histogramsasimagedescriptorsand histogram dissimilarities for imageretrieval.
Their analysisresultspermit the designof scalableimageretrieval systemsthat make optimal
useof computational and storageresources.

This article complemets the above studiesin the following ways: (1) It providesa quan-
titativ e evaluation of the performanceof the three typesof binning schemes(Section3). (2)
It de nesa new dissimilarity measurethat can comparehistogramswith di®eren binnings
(Section5). Sincethe dissimilarity measuredoesnot require an optimization procedure, it
can be computed more exciently than EMD. (3) It proposesdi®eren methods for bendt-
marking the combined performanceof binning and dissimilarity measurein imageretrieval,
classi cation, and clustering tasks (Sections6.3, 6.4, 6.5). Thesebendmarking tests more
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closelyresenble the retrieval of compleximageswith one or more regionsof intereststhan

thosein [27].

3 Adaptiv e Binning

Adaptive binning of the colorsin an image can be achieved by an appropriate vector quan-
tization algorithms sud ask-meansclustering or its variants [24]. This sectiondescrikesan
adaptive variant of k-meansthat can automatically determine the appropriate number of

clustersrequired. The algorithm can be summarizedas follows:

Adaptiv e Clustering

Repeat
For ead pixel p,
Find the nearestcluster k to pixel p.
If no cluster is found or distancedy, , S,
createa new cluster with pixel p;
Else,if dip - R,
add pixel p to cluster k.
For ead clusteri,
If clusteri hasat least N, pixels,
update certroid c; of clusteri;

Else, remove clusteri.



The distancedy, betweenthe certroid c, of cluster k and a pixel p with color ¢, is de ned
asthe CIE94 color-di®erenceequation [2]:

" Ho_
H¢Lnﬂ2 |J¢C;Jbﬂ2 U¢Hnﬂ212

Ao = + + ab 1
kP k. S, ke Sc Ky Sh (1)

where¢ L*®, ¢ C,, and ¢ H, are the di®erencesn lightness,chroma, and hue betweency
andcp, S = 1,Sc = 1+ 0:045C%, Sy = 1+ 0:015C%, and k. = ke = ky = 1 for reference
conditions. The variable C;, is the geometricmeanbetweenthe chroma valuesof ¢, and Cp,

e, €2 = | C2,Ch,p- The CIE94 color-di®erencequation s usedinstead of the Euclidean
distancein CIELAB or CIELUV becauserecen psydological studies shav that CIE94 is

more perceptually uniform than doesEuclideandistance[2, 12, 14, 23, 36).

The adaptive clustering algorithm groups a pixel p into its nearestcluster if it is near
enough (dip -+ R). On the other hand, if the pixel p is far enough(dy, , S) from its
nearestcluster, then a new cluster is created. Otherwise, it is left unclusteredand will be
consideredagain in the next iteration. This clustering algorithm, thus, ensuresthat eat
cluster has a maximum radius of R and that the clusters are separatedby the distance
of approximately S called the nominal cluster segration. The value of S is de ned as a
multiple ° of R, i.e., S = °R. Reasonablevaluesof ° rangefrom 0 (for completeoverlapping
of the clusters)to 2 (for non-overlapping of clusters). Sincethe algorithm createsa cluster
only when a color is far enoughfrom all existing clusters, it can determine the number of
clustersrequired to adequatelyrepresen the colorsin an image. It also ensuresthat eadh

cluster hasa signi cant number of at least N, pixels; otherwise,the cluster is removed. In

the current implemertation, N, is xed at 10.



This adaptive clustering algorithm is similar to that of Gong et al. [11] Both algorithms
ensurethat the clustersare not too largein volumeand not too closeto ead other. However,
our adaptive algorithm is simpler than that in [11]. Moreover, it does not require seed
initialization, and can automatically determinethe appropriate number of clusters.

In practice, for etciency sake, the algorithm is repeated for only 10 iterations. When
the algorithm terminates, somecolors may still be unclustered. During color quartization
or histogram generation,theseunclusteredcolorsare quartized to the colorsof their nearest
clusters. Empirical tests shav that having a small amourt of unclusteredcolorsduring the
clustering processdoes not produce signi cant error in the color quartization results. For
instance, our test results showv that 5% unclusteredcolors cortribute to only a 1% increase
in the mean error of color quartization comparedto the casein which all the colors are
clustered. In fact, leaving somecolorsunclusteredmakesthe algorithm more robust against
noisecolorsthat di®ersigni cantly from other main colorsin the image. Thesenoisecolors

typically occur at abrupt color discortinuities in the images.

4 Overview of Histogram Similarit y

Beforediscussingthe mathematicsof adaptive histograms,let us motivate the mathematical
formulation by rst describinga possiblede nition of similarity measurefor adaptive color
histograms. To begin, let us st considertwo adaptive histogramsH and H? ead having
only onebin located at ¢ and c® with bin courts h and h® respectively. Let f (x) and f {x)
denotethe actual density distributions of colorsin and around the two bins, wherex denote

3D color coordinates. Then, the similarity 3(H;H9 betweenthe two distributions can be



de ned, asis commonly practiced, asthe correlation betweenthem:

z
3(H:H9) = f(x)fFqx)dx : (2)

Equation 2 is integrated over the 3D space.lt is very tediousand time-consumingto compute
the integration even if normal distributions are assumedbor f (x) and f {x). To simplify the
computation, let us assumethat the distributions are uniform within the bins and 0 outside.
Then, Eg. 2 hasto be integrated over the intersecting volume V only, yielding:

z hhe oV
vV VO yyo

3(H;HY = hh° 3)

whereV and V°are the volumesof the bins and Vs is the volume of intersection. Therefore,
the similarity betweentwo distributions can be de ned as the weighted product of the bin
courts h and h® with the weight w(c;c% de ned in terms of the volume of intersection V.
The weight w(c; c9 can be interpreted asthe similarity betweenthe two bins.

In an appropriate color spacethat is perceptually uniform, suc as CIELAB, spherical
bins of the sameradius canbe adoptedfor easeof computation of bin similarity. The adoption
of spherical bins is supported by the use of appropriate color-di®erencesquationssud as
CIE94, CMC, and BDF, all de ned in the CIELAB color space[2]. Recen psydological
tests have con rmed that these color-di®erenceequations are more perceptually uniform
than doesEuclideandistancein the CIELAB and CIELUV spaced2, 12, 14, 23, 36].

From solid geometry the volume of intersectionVs betweentwo equal-sizedsphericalbins
of radius R, separatedby a distanced betweentheir certroids, can be derived as:

Yy

5 (4)

Vo=V i YR+

whereV = 4YR3=3 is the volume of a sphere. The bin separationd can be speci ed asa
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Figure 1: A plot of bin similarity w(®) againstbin separationratio ®.

multiple of R, i.e., d = ®R, and the weight w(c;c% canbe de ned as

w(c;c) = w(®) =

<[

8
3 1,
2 1 0+ @ 0. @ 2
= (5)
:

0 otherwise.
This de nition of the weight is simplerthan that derivedin Eq. 3 becauset is dependeri only
on the distance betweenthe bin certroids and is independent of the bin volumes. Figure 1
shaws that the function w(®) decreasest a faster-than-linear rate with increasing®.
For histogramswith more than one bin, the similarity 3(H;H9 can thus be de ned as
follows:
0

XX
3(H;HY = w(ci; ¢)hihy : (6)
i=1j=1

In practice, it is useful to bound the value of similarity measureso that its inverse, the
dissimilarity measure,is alsobounded. To achieve this goal, it is necessaryto normalizethe
bin courts h; and th. So, a proper de nition of histogram normalization is needed. In the

next section,we shall provide a rigorous mathematical treatment of histogram normalization
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and similarity.

5 Adaptiv e Color Histograms

An adaptive color histogram H = (n; C,H) is de ned as a 3-tuple consisting of a set C of

Given two adaptive histograms G = (m;fb;g;fgg) and H = (n;fcig;fh;g), de ne the

weightel correlation G ¢H asin Eq. 6:

X0
G¢H = w(bi;c) g h; : (7)

i=1j=1

A histogram H can be normalizedinto H by dividing ead bin court by the histogram

norm kHk = P H ¢H. The similarity s(G;H) between G and H is then dened as the

weighted correlation between their normalized forms: s(G;H) = G ¢H. We will prove in

Theorem 2 that s(G;H) is bounded between 0 and 1 (under a mild condition). So, the
dissimilarity d(G;H) canbe de ned asd(G;H) = 1 s(G;H).

Mean histogram is very usefulin applications such as clustering. It is de ned in terms

of an operation called the merging of histograms,which is, in turn, de ned in terms of the

addition and union of histograms.

De nition 1 (Addition) The addition of histogramsG = (n; C;fg,g) andH = (n;C;fh;g)

with identical setof binsCis G+ H = (n;C,fg + h;g).
Histogram addition is de ned only for histogramswith an identical set of bins.

De nition 2 (Union) The union of histograms G = (m;B;G) and H = (n;C,H) with
disjoint setsof bins,i.e., B\ C=;,isG[ H=(m+ n;B[ CG[ H).

12



Note that the notation G[ H is usedto meanthe collection of the bin courts of the two
histograms,which allows for duplicates,insteadof the usualsetunion. Although it is possible
to de ne the union operator on histogramswith commonbins, the above de nition is more
convenien for the following histogram mergingoperator which combinesaddition and union

into a single operation.

De nition 3 (Merging) Let histogram G = X [ Y andH = X°[ Z suchthat X and X°
have the sameset of bins and X, Y, and Z havedisjoint setsof bins. Then, the mergal

histogram G] H = (X[ Y)] (X°[ Z)= (X + X[ Y[ Z.

That is, two histogramsare mergedby collecting all the bins and adding the bin courts of
identical bins. Note that it is always possibleto expresstwo histogramsG and H in the
form givenin De nition 3 for histogram mergingto be well-de ned.

In order that histogram dissimilarity is well de ned (i.e., d(G;H) , 0), histogram simi-
larity hasto be boundedfrom above by the value 1. It turns out that this is guararteed if

an equivalert form of Cauchy-Schwarznequality holds for adaptive histograms:
(GE¢H)?- (G¢G)(H ¢H) (8)

or equivalertly

G¢H - KGKkHK : (9)

Unfortunately, the Caudy-Sctwarz inequality doesnot hold for adaptive histogramsin gen-
eral. Here, we provide a necessarycondition and a suzcient condition for Caudy-Sdwarz

inequality, supplemered by examplesand discussionabout practical issues.
Theorem 1 (Cauc hy-Schwarz Inequalit y) Given histograms G = (m;fb;g;fgg) and
H = (n;fcig;fh;g), de ne
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w(b;; ck) w(bj; ci)

2 ©= ki
w(b;; bj) w(ck; c)
i okl
¥ 15
2, = mingghch = ming minh
iij ksl i k
M [P
2 o= maxgg hhi = maxg maxhy

Then, a necessarycondition for Cauchy-Schwarzneguality (G ¢H)? - (G ¢G) (H ¢H) to

holdis © - ==, and a suzcient condition is© - =@,

Proof. (Necessarycondition) From the de nition of weighted correlation,

0 1,

X X
(GeH)? = @_ w(bi;c) ghA = w(b;; ck) w(bj; c) gig hgh (10)

ik iij Kl

and

(G ¢G) (H ¢H) = X W(b,,bj)g|gj X W(Ck;C|) hkh| = X W(bi;bj)W(Ck;C|)gigj hkh| . (11)

i kil i skl
Thus,

w(bi;c)w(bjic), - (GeH)?
ikl

and

(GC¢G)(H ¢H) - X w(bi;b;)w(cy;c)a :
i skl

If Caudhy-Schwarz inequality holds, then
(G¢H)? - (G¢G)(H ¢H)

which impliesthat © - o=,

(Suzcient condition) If the suxcient condition is satis ed, then

(G ¢H)2 . X W(b, s Ck) W(bj ;C|) a - X W(b, ; bj ) W(Ck; C|) s
isj kil isj skl

14
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Thus, Cauchy-Schwarz inequality holds. 2

Note that there is a gap betweenthe necessarycondition and the suzcient condition
(Fig. 2). Histogramsthat satisfy Caudy-Scwarz inequality must satisfy the necessarycon-
dition but may or may not satisfy the sutcient condition. The following examplesillustrate

the gap.

Example 1. ConsiderhistogramsG = (n;fbig;fgg) and H = (n;fc;g;fh;g) with the
samenumber of n bins sud that w(b;i; b;) = w(ci;ci) = w(bi;c;) = 1for all i while all other
weights w(® = 0. Then, the weighted correlation G ¢H reducesto the inner product of two
vectors, which is well-known to satisfy Caudy-Scwarz inequality [20]. But, ©= 1> =o
for most G and H, exceptfor the case, = @ in which the histograms have uniform bin
courts.

For a more concreteexample,take G = (2;fb;g;f1;1=29) and H = (2;fc;g;f1; 1=4Q)
with the above weights. Then, © = 1 > =& = 1=64, i.e., the histograms violate the

suzcient condition. But, Caudy-Sdwarz inequality still holds:

81 85
52 < (GCO)H ¢H) =

2 —
(G¢H)? = -t

Example 2: ConsiderG = (2;fb;g;f1;1=2g) and H = (2;fc;g;f1;1=4g) with weights
w(bi;bi) = w(ci;c) = 1forall i, w(bi;bj) = w(ci;c;) = Ofori 6 j, and w(b;;c;) = 1 for

alli;j. Then,©= 4. o= = 64,i.e., the histogramssatisfy the necessarycondition. But,
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Figure 2: Caudy-Scwarz inequality is satis ed when© falls in the shadedregion. © - ==,

givesthe necessarycondition and © - == givesthe suxcient condition.

Caudy-Scwarz inequality doesnot hold:

255 85
2 - oYYy = -
(G¢H) 64 (G¢G)(H ¢H) 64

Theseexamplesare summarizedin Fig. 2.

In practice, the bins of a histogram are sparselydistributed and with minimum overlap
betweenthem. A bin of G overlapsat most a small number of, say 1, bins of H signi cantly,
and ' ¢ min(m;n). Moreover, the weight function is inversely related to the distance
betweenthe bins (Eq. 5, Fig. 1). As a result, the numerator of © hasat most® 2 signi cant
terms. On the other hand, the denominator of © hasat leastm£ n signi cant terms because
w(bi;b;i) = w(ck;ck) = 1 for all i; k. Therefore,© tendsto be much smallerthan a=_, the
necessarycondition. This explains the obsenation that the histogram dissimilarities that
we computedin our tests and applications are all non-negatie.

The boundednes®f histogram similarity and dissimilarity follows directly from Caucy-

Sdcwarz inequality:

Theorem 2 (Boundedness of Similarit y) For any histogramsG andH satisfyingCauchy-

Schwarzinequality, 0 - s(G;H) - 1and0- d(G;H) - 1

Proof. Sincethe bin similarity w and bin cournts g; and h; are non-zero,s(G;H) , 0 and

16



d(G;H) - 1. From Caudy-Sdwarz inequality,
(G¢H)? - (G¢G) (H ¢H) = KGK?kHK? :

Therefore,

G ¢H

S(GH) =\ GrkAK

landd(G;H), O: 2

Next, let us provide a mathematically soundde nition for a mean histogram.

De nition 4 (Mean Histogram) M is a mean histogram of H;, i = 1;:::;N, if M

maximizesthe total similarity S(M):

X
S(M) = s(M;H;): (12)

i=1
This de nition is equivalert to saying that the meanhistogram minimizesthe total distance
P L . . — ..
i d(M; H;), which is consistet with the usual de nition of mean.

Now, we can shov how to compute the mean histogram that is mathematically sound.
Theorem 3 (Mean Histogram) Uiﬁi is a mean of histogramsH;, i = 1;:::;N.
Proof. Let M denoteUi H;. Total similarity S(M) betweenM and H; is

X X
S(M) = s(M;H;) = M ¢H;:

From the de nition of weighted correlation (Eq. 7) and histogram merging (De nition 3), it

is easyto show that
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Therefore,

S(M) =M ¢M = kMK:

Now, considerany histogram M ° that is arbitrarily closeto but di®eretn from M, i.e.,

s(M®M) < 1. Total similarity S(M 9 betweenM °and H; is

X X
S(M9 = s(M%H)) =  MO¢H;
i i
= MO H, = M9M = kM kMOGM
i
< kMk=S(M):
Therefore,M maximizesthe total similarity S(M ). 2

Notice that the computation of mean histogram basedon other non-Euclideandistances
may require an optimization procedurethat is computationally expensive in general. In
cortrast, the computation of mean histogram basedon adaptive histogram dissimilarity is
as straightforward as that of a Euclidean mean, and yet is applicable to histograms with
di®eren binnings.

The usual de nition of mean divides the sum by the number of items that are added
together:

M=— H: (13)

But, it is applicableonly to xed-binning histograms. For adaptive histograms,this division
is not necessarybecausethe \division" is performed within the merging operation, i.e.,
histogramsare normalized beforethey are mergedto producethe mean histogram.

An implication of Theorem 3 is that histogram merging is equivalert to histogram av-
eraging. If histogramsthat are very di®eren from ead others are merged, we expect to
obtain a meanhistogramthat is not similar to any of the histogramsthat are merged. Sut
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a meanmay not be useful in practice. An analogy is the mixing of the color pigmerts of
red, green,and blue, and yielding grey which is very di®eren from the original colors. On
the other hand, merging similar histogramsyields a meanthat is similar to the histograms
that are merged.

The merging of many histograms together may result in a merged histogram with a
large number of bins. So, it might be useful to merge similar bins so as to reduce the
number of bins. This procedurecanbe performedby applying the adaptive binning algorithm

(Section 3).

6 Performance Evaluation

Four typesof tests were conductedto evaluate the performanceof adaptive color histograms
and weighted correlation dissimilarity measure:color reterntion, imageretrieval, imageclas-

si cation, and image clustering.

6.1 Color Retention

In this test, the performanceof the adaptive clustering was comparedwith those of regu-
lar partitioning and color spaceclustering. The colors of the imageswere assumedto be
represered in the SRGB space[l], and the target color spacewas CIELAB.

6.1.1 Test Setup

Adaptiv e clustering algorithm wastested with cluster radius R ranging from 7.5to 22.5and

nominal cluster separationfactor ° ranging from 1.1 to 1.5. For regular partitioning, the
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L“-axis of the CIELAB spacewas partitioned into | equalintervals (I = 8, 10, 12, 14, 16),
and the a°- and b’-axeswere partitioned into m equalintervals (m = 5,8, 10and m - |).
The certroids of the bins were mapped bad to the SRGB spaceand bins with illegal SRGB
valueswere discarded. For color spaceclustering, the CIELAB spacewas partitioned into
32£ 32£ 32 equal partitions and the bin certroids were clustered using the sameadaptive
clustering algorithm, with 775 R - 20and 1:1- ° - 1.5.

As the test images, 100 visually colorful imageswere randomly selectedfrom the Corel
50,000photo collection. The imageshad sizesof either 25& 384 or 384 256. Color histograms
were generatedfor ead image using the three binning methods.

The performanceof the three binning methods weremeasuredoy three indicators, namely,
the number of bins or clustersproduced,the number of empty bins, and the meancolor error
measuredasthe meandi®erencéetweenthe actual colorsand the quartized colors(in CIE94

units). Theseperformanceindicators were averagedover all the images.

6.1.2 Color Error

Experimenrtal results (Fig. 3a) show that regular partitioning producedslightly larger mean
colorerror comparedto color spaceclusteringwhile adaptive clustering producedthe smallest
error. Givena xed number of bins, regular and clusteredhistogramshave about twice the
amourt of error asdo adaptive histograms. As the bin volume (or cluster radius R) and the
bin separation® of adaptive histogramsincrease the number of bins decreasebut the mean
color error increases.Figure 3(a) shows that beyond a suzciently large number of bins, the

decreasan error with increasingnumber of bins becomesnsigni cant.
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6.1.3 Empty Bins

Figure 3(b) shows the averageperceriage of empty bins in the regular and clustered his-
tograms. With a large number of bins, both histogramshave 50%or more empty bins. With
a small number of bins, clusteredhistogramshave asfew as 20% empty bins. The adaptive
histogramshave no empty bins. Thesetest results shav that adaptive histogramscan retain

color information more accuratelywith fewer bins than do regular and clusteredhistograms.

6.1.4 Visual Quality

Figure 4 shows two sampleimagesquartized using adaptive binning and achieved a mean
color error of 5 CIE94 units or less. Visual inspection revealsthat the color-quartized images
look indistinguishable from the original imagesexceptat regionswhere banding occurssud
as clear blue sky. This is the result of quartizing the gradually varying colorsinto discrete
bins. This obsenation matchesrecen psydological study [36] very well, which shaws that
that human's color acceptability threshold is 4.5. That is, two colorswith a color di®erence
of lessthan 4.5 are regardedas practically identical. Note that the acceptability threshold
is slightly larger than the perceptibility threshold of 2.2 [36], which is the threshold below

which two colorsare perceptually indistinguishable.

6.2 Discussion

Existing image retrieval systems(Section 2) typically use 64-bin clustered histograms or
more than 150 bins for regular histograms. Their respective mean color errors are about 8

and 6, with 45%and 50%empty bins (Figure 3). In comparison,64-bin adaptive histograms
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can acdhieve a color error of about 3.5, lower than human acceptability threshold [36], with
no empty bins.

In the subsequenhtests, the parametervaluesof clusteredand adaptive binning methods
were xed at R = 10and ° = 1.5 becausehis combination yielded good color retertion with
small number of bins. With theseparametervalues,the adaptive binning method produced
an averageof 37.8bins with a meancolor error of 4.53,and the color spaceclustering method
produced 80 bins, a mean color error of 7.19, and 42% empty bins. In principle, the mean
color error of color spaceclustering could be reducedto, say, belov 5 sothat it is comparable
to that of adaptive binning. Howe\er, this will requirethe clusteredhistogramsto have much
morethan 250clusters|a valuethat is both impractical and beyond our experimertal range.
It wasnot necessaryto test regular partitioning further becausets performancewas similar

to that of color spaceclustering.

6.3 Image Retriev al

This test assessethe combined performanceof binning schemesand dissimilarity measures
in imageretrieval. The weighted correlation dissimilarity (WC) described in Section5 was
comparedwith three existing dissimilarity measurespamely L, (Euclidean), JessenDi®er-

enceDivergence(JD)?!, and Earth Mover's Distance (EMD).

1The formula that Puzicha et al. [27] called \Je®reys divergence"is more commonly known as \Jessen
di®erencalivergence"in Information Theory literature [6, 7, 37]. Je®reysdivergenceasgivenin the literature

P P
[6, 7, 15, 18, 37], takesthe form (g i hi)log(gi=h) = [g log(gi=hi) + h;log(h;=q)].
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2 L, (Euclidean) distance:

A 'i=2

X 2
d(G;H) = (i h) (14)
i
2 Jessendi®erenceadivergence(JD):
A !
dG:H) =« glog 2 + hlog (15)
; = i g gmi i gmi
wherem; = (g + h;)=2.
2 Earth Mover's distance (EMD) [30]:
X
fij d(bi;cp)
dGH)= 2 x (16)

j
i
whered(b;; c;) denotesthe dissimilarity betweenbins b; and c;, and f; is the optimal
°ow betweenG and H sud that the total costID ij fij d(bi;c;) is minimized, subject
to the constrairts:

X X
fy , 00  fy3 - hyy  fy - g fij =min( g; h): (17)

i i i i i
The dissimilarity d(b;; ¢;) betweentwo bins is typically de ned asa monotonicincreas-

ing function of the ground distance betweenthe bins.

Among thesedissimilarity measuresl , senedasthe basecaseof the performanceevaluation.
JD and EMD arereported in [27] to yield good performance respectively, for largeand small
samplesizes. Other dissimilarity measuresevaluated in [27] are expected to yield similar
results and are therefore omitted.

WC is tested with both clustered and adaptive histograms whereasL, and JD could
be tested only with clustered histograms. The program for EMD was downloaded from
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Rubner'sweb site (http://rob otics.stanford.edu~rubner), and wastestedonly with adaptive
histogramsdueto its longerexecutiontime. The CIE94 distancewasusedasEMD's ground
distance becauseit is more perceptual uniform than Euclidean distance in the CIELAB
space,and was taken as the dissimilarity betweentwo bins. This arrangemen produced a

total of v e combinations of binning schemesand dissimilarity measures.

6.3.1 Test Setup

In the image retrieval test of Puzicha et al. [27], random samplesof pixels were extracted
from the test images. Samplesthat were drawn from the sameimage should have similar
distributions and wereregardedas belongingto the sameclass. This kind of test samplesis
useful for testing the performanceof dissimilarity measuresin computing global similarity
betweentwo images.

A di®eren kind of test sampleswas preparedfor our tests. Each of the 100imagesused
in the color retention test (Section 6.1) was regarded as forming a di®erem query class.
Theseimageswere scaleddown and eat embeddedinto 20 di®erert host images, giving
a total of 2000 composite imagesat ead scaling factor. The scaledimageswere used as
guery images,and the composite imagesthat cortained the sameembeddedimageswere
regardedas relevant. This test paradigm should be useful for testing the performanceof
binning sthemesand dissimilarity measuresin retrieving imagesthat cortain a particular
target region or color distribution of interest. We feelthat this test more closelyresentles
the retrieval of complex imagescortaining one or more regions of interests comparedto
that in [27]. In the test, scaling factors for image width/height of 1/4, 1/2, and 3/4 were

used. Thesevalues gave rise to enbeddedimageswith area scaling factors of 1/16, 1/4,
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and 9/16 comparedto the original images. The test was performedwith L (i.e., Euclidean)
distance,Jesserdi®erencealivergencgJD), Earth Mover'sdistance(EMD), andthe weighted

correlation (WC) dissimilarity of adaptive histograms.

6.3.2 Results and Discussion

Figure 5 plots the precision-recallcurves of the image retrieval results for width/height
scalingfactors of 1/2 and 3/4. The curvesfor scalingfactor of 1/4 are not shavn because
all combinations of binnings and dissimilarity measuregerformedpoorly. They all had very
low precisionof lessthan 0.2 at recall rate of 0.1, and their precisiondropped to about 0.01
at recall rate of 0.3 and above.

All v e conbinations of binning schemesand dissimilarity measuresperformed signif-
icantly better for the larger scaling factor of 3/4 than for 1/2. For both scaling factors,
clustered histograms together with JD (c + JD) performed best, with the adaptive his-
togramsand WC (a + WC) conmbination following closelybehind. The a+ WC combination
performed signi cantly better than ¢ + WC, which had roughly the sameperformanceas
c + L,. Theseresultsshow that, giventhe samedissimilarity measure,adaptive histograms
perform better than clusteredhistogramsbecausehey can descrike color information more
accurately and yet usefewer bins (Section6.1).

Somewhat surprisingly, EMD (with adaptive histograms) performed poorer than L.
Comparedto the results of Puzicha et al. [27], which shov that EMD performed better
for small samplesizes,it is noted that our smallestscalingfactor of 1/4 correspndsto an
image size of 6144 pixels, which is far larger than the samplesizesusedin [27]. Moreover,

the adaptive histogramshave an averageof 37.8bins, and they correspnd to medium sized
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histogramsin [27]. These parameter values may have obscuredthe strengths of EMD in
extreme casesof small samplesizesand small number of bins. Howewer, our choicesof the
number of bins, which are supported by the color retertion test (Section6.1), and the sample
sizesare expectedto match practical retrieval of compleximageswith multiple regionsbetter

than those of Puzicha et al. [27].

6.4 Image Classi cation

This test assessethe combined performanceof binning schemesand dissimilarity measures

in imageclassi cation.

6.4.1 Test Setup

The composite imagesgeneratedin the retrieval tests (Section 6.3) were used for image
classi cation test. The composite imagesthat cortained the sameembeddedimage were
consideredasbelongingto the sameclass. This would correspnd to the practical application
in which imagescortaining the sameregion are consideredas identical.

The k-nearest-neighor classi er with leave-one-outprocedure was applied on ead of
the 2000composite images. Odd valuesof k = 1; 3;5; 7; 9 were chosen. Classi cation error,
averagedover all 2000 images, were computed for ead combination of binning stheme,

dissimilarity measure,and k value.

6.4.2 Results and Discussion

Figure 6 shows the classi cation performancefor width/height scaling factors of 1/2 and

3/4. The curvesfor 1/4 scaling are not shovn becauseall combinations of binnings and
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dissimilarity measuregperformed poorly.

All "v e conbinations performed signi cantly better for the larger scaling factor of 3/4
than for 1/2. Moreover, their classi cation accuraciesincreasedwith increasingnumber of
nearestneighborsk. Similar to the imageretrieval results,c + JD gave the bestperformance
for both scalingfactors, with a + WC following closelybehind. The a + WC conbination
performed better than ¢ + WC, and ¢ + L, had the lowest accuracy Theseresults again
show that, given the samedissimilarity measure,adaptive histograms perform better than
clustered histograms. Unlike in the retrieval tests, the performanceof a + EMD was very
good in the classi cationtests. The classi cation accuracyof a+ EMD closelymatchedthat

of a +W C, especially for the larger scalingfactor of 3/4.

6.4.3 Spatial Precision

To further investigate the causeof EMD's inconsistent performance,another performance
index called spatial precision [29 was computed. Spatial precision measures,for a given
imagel, the proportion of imageswithin a given distanced from | that belongto the same
classas|. The distanced is usually de ned in terms of the distanceto the k-th nearest
image of the sameclassas|. Figure 7 plots the spatial precision averagedover all 2000
imagesfor eat k. The spatial precisionof the dissimilarity measuress smallerfor a smaller
image scalingfactor and decreasesvith increasingvalue of k.

The result shaws that as the value of k (i.e., the neighborhood size) increases,more
negative samplesthat belongto other classesare included in the neighborhood. Howewer,
given the large number of classeg100) in the test, it is possiblethat only a small number of

negative samplesfrom ead classis included. As a result, the majority classcan still be the
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correct classeven when there are many negative samples. This is especially true for EMD
sinceits spatial precisiondecreasegaster than those of other dissimilarity measures.

In the teststhat we conducted,CIE94 distancewas usedasthe ground distanceof EMD
becauseit is more perceptually uniform than Euclidean distance in the CIELAB space.
It may be possibleto improve EMD's performanceby using a di®eren, hopefully more
appropriate ground distance. For instance,Puzicha et al. used1j g, whereg is a Gaussian,
as the ground distancein their performanceewaluation [27]. Newertheless,the appropriate
choiceof the ground distancecan only be determinedempirically, and this implies that EMD

is lesscorveniert to useand lessrobust than the other dissimilarity measures.

6.5 Image Clustering

Clustering of imagesor imageregionshave beenusedin cortent-basedimageretrieval asa
preprocessingstep of image or region classi cation. In the caseof clustering basedon xed
color histogramsof images,a typical method is to regard ead histogram bin asrepreset
ing a dimensionin a high-dimensionalspacein which clustering is performed (e.g., [10]).
This method implicitly assumeghat Euclidean distanceis a reliable measureof histogram
dissimilarity, which we have shavn to be false in the previous sections. Although there
are other more reliable similarities suc as JD, no easyway of computing mean histogram
basedon thesesimilarities exists|b ecausehere is no easyway to computea histogram that
minimizesthe sum distanceto the histogramsin a cluster. An alternative may be to apply
k-medoid clustering algorithms [16, 17] but they are computationally more expensiwe than

k-meansclustering. In the caseof adaptive histograms,k-meansclusteringis still applicable
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becausea simple and mathematically correct method of computing mean histogram exists,
i.e., histogram merging (Section5).

As an example,we descrile a version of k-meansclustering for adaptive histograms.

k-means clustering for adaptiv e histograms

Pick k histogramsasthe certroids M; of clustersC;.
Repeat
For ead histogram H;,
Group H; to the nearestcluster C;:
d(Hj; M;) - d(Hj;M,) for all I.
For ead cluster C;,
Compute new certroid M; of cluster C;:
| E—

Mi: Hj,
H;2C;

Merge bins of M; by applying the adaptive binning algorithm (Section 3).

6.5.1 Test Setup

400 composite imagesfrom 20 classeq20 from ead class)were randomly chosenfrom the
imagesgeneratedfor the retrieval test. The composite imagesthat cortained the sameem-
beddedimage should be closerto eat other then to the other images. Three sets of tests
were performedusing the following combinations of color histogramsand dissimilarity mea-
sures: (1) xed clusteredhistogramswith Euclideandistanceand Euclideanmean(c + L),

(2) xed clusteredhistogramswith JD for cluster assignmeh and Euclidean meanfor com-
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puting cluster certroid (c + JD/ L;), and (3) adaptive histogramswith weighted correlation
dissimilarity and histogram merging (a + WC). For the rst two casesan ordinary k-means
clustering was used. For the third case,the k-meansclustering for adaptive histogramswas
used. For eat case,separateclustering tests were conductedwith the number of clusters

ranging from 5 to 40.

6.5.2 Results and Discussion

Clustering performanceis measuredin terms of the cluster spread and cluster homayeneity.
The cluster spread- is the e®ectie radius of a cluster normalized by its distanceto the

nearestneighboring cluster:

1%
- = — 1 (18)
ki:lI
1 X
ISl 2
Vi - (19
mind(M;; M;)
i6i

whereM; is the meanhistogram of cluster C;, d(9 is the CIE94 distance,and k is the number
of clusters. It measureghe compactnessf the clustersand the amourt of overlapsbetween
the clusters. The smallerthe cluster spread,the more compactare the clustersand the less
are the overlapsbetweenthem.

The clusterhomogeneiy £ measureshe proportion of histogramsin a clusterthat belong

to the majority classof the cluster:

X .
P(L(Ci)jCi) (20)

£=1
Ky
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where L(C;) denotesthe majority classof cluster C; and P(L(C;)C;) is the conditional
probability of L(C;) given C;. If the cluster homogeneiy is lessthan 1=n, then the cluster
must contain histogramsthat belongto at leastn + 1 classes.Therefore,the smallerthe n,
the larger than £, and the more homogeneouss the cluster.

Figure 8 comparesthe cluster spread and cluster homogeneiy of the three test cases
at di®eremt number of clusters. For all three cases,clustering performanceimproved sig-
ni cantly when the number of clustersk increasedfrom 5 to 20. At k > 20, the cluster
spreadsof ¢ + L, and ¢ + JD/ L, improved slightly with increasingk but their cluster ho-
mogeneiy decreased.Notice that performing cluster assignmehn with JD did not improve
clustering performancesigni cantly becausethe computation of mean histogram was based
on L, instead of the more reliable JD.

In cortrast, the cluster spreadand homogeneiy of a + WC stabilized at k > 20, and
werebetter than thoseofc+ L, andc + JD/ L, for all k. In other words,a+ WC produced
more compact and more homogeneouglustersthat were more widely spacedout than did
c+ L, and c + JD/L,. Moreover, its performanceis more stable than those of the other
two cases. This result indicates that a + WC is more e®ectiv and reliable for practical

applications in which the optimal number of clustersk is often unknown.

7 Conclusions

This paper presenied an adaptive color clustering method and a dissimilarity measurefor
comparinghistogramswith di®eren binnings. The color clustering algorithm is an adaptive

variant of the k-meansclustering algorithm and it can determine the number of clusters
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requiredto adequatelydescribe the colorsin an image. The dissimilarity measurecomputes
a weighted correlation betweentwo histograms,and the weights are de ned in terms of the
volumes of intersection between overlapping spherical bins. Since this measuredoes not
require optimization, it executesmore exciently than doesEarth Mover's Distance (EMD).
Extensive tests were performedto evaluate the performanceof adaptive histogramson
colorretertion, imageretrieval, imageclassi cation, andimageclustering. Comparedto xed
binning schemes,adaptive color clustering canretain color information more accuratelywith
fewer bins and no empty bin. The combined performanceof adaptive color clustering and
weighted correlation dissimilarity (WC) is comparableto that of Jesserdi®erencealivergence
and better than thoseof L, and EMD for imageretrieval and imageclassi cation tasks. For
image clustering, a variant of k-meansclustering algorithm is adapted to cluster adaptive
histograms. Testresultsshav that WC performsbetter than L, and the JD/ L, conbination
becausat allows the clustering algorithm to produce more compactand more homogeneous
clustersthat are widely spacedout. In conclusion,the adaptive histogramsadhieve the best
overall performancein terms of accuracy small number of compactand homogeneousins,
no empty bin, and excient computation for image retrieval, classi cation, and clustering

tasks.
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Figure 3: Color clustering performance. (a) Mean color errors of regular, clustered, and
adaptive histograms. (b) Averageperceriage of empty bins in regular and clustered his-

tograms.
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(a) (b)

(€) (d)

Figure 4. Color quantization results. The original imagescortain (a) 71599colorsand (b)
46218colors. The color-quartized imagescortain only (c) 39 colorsand (d) 31 colors, and
are visually indistinguishable from the original imagesexceptfor the regionswherebanding

occurs.
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Figure 5: Precision-recallcurves of various combinations of binning methods (c: clustered,
dashedline; a: adaptive, solid line) and dissimilarities (JD: Jessendi®erencedivergence,
WC: weighted correlation, L2: Euclidean, EMD: Earth Mover's Distance). (a) Scaling=

1/2, (b) scaling= 3/4.
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Figure 6: Classi cation accuracyof various conbinations of binning methods and dissimi-

larities. (a) Scaling= 1/2, (b) scaling= 3/4.
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Figure 7: Spatial precision of various conmbinations of binning methods and dissimilarity

measures.(a) Scaling= 1/2, (b) scaling= 3/4.
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Figure 8: Comparisonof (a) cluster spreadand (b) cluster homogeneiy betweenthe three

test cases.
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